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Abstract

Biomass estimation from images is important for ecological
monitoring but relies on morphometric features that
are not always visually salient. We observe that
while Vision Transformers (ViTs) produce attention maps
suggesting precise spatial localization, this visual focus
does not guarantee accurate weight prediction. Using a
frozen DINO-based ViT for bivalve biomass estimation,
we show that morphometric information is primarily
encoded in intermediate layers rather than final semantic
representations. Applying learnable multi-head attention
pooling over these layers significantly improves regression
performance, achieving an R?> = 0.950 and reducing
RMSE by 39.6% over standard CLS aggregation. These
results reveal an attention illusion in ViTs and demonstrate
the critical role of intermediate features for high-precision
morphometric regression.
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1 Introduction

Estimating biomass directly from images enables non-
invasive monitoring of marine species populations across
ecosystems. Unlike classification tasks that focus
on categorical identity, biomass estimation relies on
morphometric information, meaning structural properties
such as size, curvature, and volumetric features that
correlate with organism mass. Extracting these continuous
geometric signals from images is challenging, particularly
when specimens exhibit strong cross-species variability.
Individuals with similar visual appearance may differ in
density, making accurate mass estimation dependent on
subtle morphological features.

Vision Transformers (ViTs) trained with self-supervised
objectives such as DINO [’] produce attention maps
that sharply delineate object boundaries without task-
specific supervision.  This spatial precision suggests
that such models should capture the geometric structure
required for morphometric estimation. However, standard
pipelines extract the global representation from the final-
layer CLS token, a design inherited from classification

anadara antiquata
= apw

Grad-CAM++ Heatmap

True: 28.6g, Pred: 28.89

1 -3

gafrarium tumidum Grad-CAM++ Heatmap True: 19.4g, Pred: 15.29

<

[l "lL
LI

Figure 1: DINO self-attention maps for two bivalve
specimens from different species. The model predicts
28.8 g for a 28.6 g specimen (top) but 15.2¢g for a 19.4¢g
specimen (bottom). Despite similar localization patterns,
prediction accuracy differs significantly, illustrating the
attention illusion.

models [5]. Classification and regression impose
fundamentally different representational requirements.
DINO encourages semantic invariance by training the
CLS token to produce similar embeddings for augmented
views of the same image, preserving object identity while
discarding variations in scale or geometry. In contrast,
biomass regression requires these variations to remain
encoded in the representation. As transformer layers
progressively transform low-level features into higher-
level semantics [“], fine-grained morphometric information
may therefore be compressed or lost. Consequently, as
illustrated in Figure 1, two specimens can exhibit nearly
identical attention patterns while producing very different
prediction accuracy. We refer to this mismatch between
spatial localization and predictive performance as the
attention illusion.

This work investigates where morphometric information
is encoded within the ViT hierarchy. Through layer-wise
regression analysis, we show that predictive performance
peaks at intermediate transformer layers rather than at
the final semantic layer. Motivated by this observation,



we propose Adaptive Multi-head Attention Pooling (A-
MAP), a feature aggregation strategy that operates on
patch tokens from these intermediate layers instead of
relying on the global CLS representation.  A-MAP
builds upon MAP [/] and uses learnable attention to
aggregate spatial features, enabling different heads to
capture complementary geometric structures. To further
enrich the representation, the method aggregates tokens
from adjacent intermediate layers, providing a multi-level
description of specimen geometry.

We evaluate the proposed approach on a dataset of more
than 2000 images of bivalves from two species (Anadara
antiquata and Gafrarium tumidum) with weights ranging
from 0.2g to 66.6g. Using a frozen DINO ViT-S/16
backbone, the model is trained without species labels so
that predictions must rely on morphometric cues rather than
species identity. Our analysis reveals that morphometric
information peaks at intermediate layers, and aggregating
these representations with A-MAP achieves R? = 0.950,
reducing RMSE by 39.6% compared to standard CLS
aggregation.

Our contributions are as follows:

e We identify the attention illusion in ViT-based
regression, showing that accurate spatial attention
does not guarantee accurate morphometric prediction.

e We conduct a systematic layer-wise analysis
demonstrating  that morphometric  information
peaks at intermediate transformer layers rather than at
the final semantic representation.

* We propose A-MAP, an attention-based pooling
strategy that aggregates intermediate-layer patch
tokens and improves by +10.0% regression
performance over standard CLS aggregation.

2 Related Work

ViT representation hierarchy. Vision Transformers
(ViTs) exhibit a progressive evolution of representations
across their depth, transitioning from localized spatial
patterns to abstract semantic descriptors [Y, 5]. Early
layers retain fine-grained textures and edge information,
whereas deeper layers increasingly encode class-level
abstractions [7].  Self-supervised frameworks such as
DINO demonstrate that attention maps can highlight
coherent object regions without explicit supervision [3].
Despite this, most downstream applications still rely
exclusively on the final-layer [CLS] token as a global image
representation [5]. Recent studies suggest that spatial
relationships and object structure are distributed across
the transformer feature space rather than concentrated in a
single token [*]. However, the representational hierarchy
of ViTs is largely shaped by classification objectives. As a
result, the class-discriminative information emphasized in
the deepest layers may not preserve the continuous spatial
structure required for precise morphometric regression.

Feature aggregation beyond CLS. To address the

limitations of the [CLS] token, several aggregation
strategies have been proposed to better exploit patch
tokens. Multi-head Attention Pooling (MAP) introduces
learnable queries that attend to spatial tokens, enabling a
more flexible representation than fixed global pooling [7].
Other approaches focus on multi-scale feature fusion. For
instance, HAFA [“/] and SDPT [”] combine representations
from multiple transformer layers to capture both low-level
textures and high-level semantic features. In regression
tasks, architectures such as FASNet [ | | ] have successfully
employed shallow and deep features jointly for crowd
density estimation. Nevertheless, these multi-scale
strategies typically assume that aggregating more features
leads to better representations, often performing uniform
fusion across layers. Such aggregation may dilute task-
relevant information, as signals useful for morphometric
estimation could be overlooked by the increasing semantic
abstraction of deeper layers. This suggests the need for
more selective strategies that explicitly target layers where
morphometric features are most informative.
Morphometric regression from images. Image-
based estimation of biomass or weight has become an
important tool for ecological monitoring [!3].  Prior
work has developed effective pipelines for fish biomass
estimation [!”], segmentation-based morphometric
analysis [0], and joint detection—estimation frameworks
for species-specific prediction [!(].  However, these
methods typically extract features from the final backbone
layer. Whether applied to fish or marine invertebrates [ /],
they implicitly assume that the deepest representation is
optimal for regression. Yet this assumption has rarely
been examined for morphometric estimation. This work
addresses this gap by investigating the intermediate feature
space of ViTs and proposing a regression pipeline designed
to extract morphometric information from these layers.

3 Method

We investigate where morphometric information resides
in frozen Vision Transformer (ViT) representations and
how to exploit it for regression. The method consists
of three stages: (1) problem formulation, (2) layer
selection via layer-wise regression evaluation, and (3)
feature aggregation using Adaptive Multi-head Attention
Pooling (A-MAP).

3.1 Problem Setup

Given an RGB image I € R7*Wx3 the goal is to predict
a scalar weight J € R (in grams). We use a frozen DINO
ViT-S/16 backbone [*]. For each image, the transformer
produces patch token embeddings at each layer [:

X, € RV*P,

where N = 196 is the number of patch tokens, D = 384 the
embedding dimension, and ! € {0,...,L—1} with L = 12
layers. The backbone remains frozen throughout training.
Only the pooling and regression layers are optimized.

Standard practice extracts the CLS token from the final
layer as a global representation. However, the attention



illusion suggests that late-layer representations may discard
the morphometric information needed to predict mass. Our
objective is therefore to learn a pooling function

f:Xl—)Z

that extracts a fixed-size representation z € R, which
is then mapped to the scalar prediction § by a regression
head. The central question is twofold: at which depth [ does
the backbone encode the geometric features most useful for
mass regression, and how should we aggregate patch tokens
to exploit them?

3.2 Layer Selection Protocol

For tasks that depend on geometric features, intermediate
representations may preserve more task-relevant
information than the final semantic layer. To test whether
this representational mismatch reflects a depth-dependent
phenomenon, we evaluate regression performance
independently at each transformer layer.  For each
layer I € {0,...,L — 1}, we extract the patch token
representation X; and train an independent regression
head g;. Each model uses the same pooling and regression
architecture to ensure fair comparison across layers.
Validation performance is then used to identify the optimal
layer
" = arg max B (g1(X1)).

This procedure is architecture-agnostic with respect to the
regression head, as any pooling mechanism can serve as
g;. The specific head used in our analysis is described in
Section 4.

3.3 Multi-head Attention Pooling

Multi-head Attention Pooling (MAP) [/] replaces the
fixed CLS token with a learnable aggregation over patch
tokens. A learnable query attends to the token sequence
using standard multi-head scaled dot-product attention,
producing a pooled representation in R”. This mechanism
allows the model to emphasize informative spatial regions
rather than relying on the fixed CLS representation.

While MAP provides effective features aggregation, it
operates on tokens from a single layer. The layer selection
protocol may reveal a zone of high performance around
the peak, suggesting that combining adjacent layers could
capture geometric features at complementary levels of
abstraction. A-MAP extends MAP to exploit this structure.

3.4 Adaptive Multi-head Attention Pooling
(A-MAP)

To exploit the representational structure revealed by the
layer selection protocol, A-MAP attends jointly over
patch tokens from multiple intermediate layers centered
on the morphometric peak. We denote H the number of
attention heads and di, = D/H the per-head dimension.
A-MAP operates through two mechanisms: multi-layer
concatenation and a peak-based attention bias.

Multi-layer concatenation. Let [1,l5,l35 denote three
layers selected by the protocol. This window captures

the morphometric peak and its immediate neighborhood,
balancing representation richness against computational
cost. We concatenate rather than fuse their representations,
as concatenation preserves each layer’s token identity and
lets the attention mechanism learn which depth is most
informative per spatial location:

Xeoncat = [Xiy5 Xip; Xy,] € RVXP (1

where [; | denotes row-wise concatenation. This yields 3N
tokens of dimension D, forming a single sequence that
spans three levels of the representational hierarchy.

The remaining question is how to bias attention toward the
most informative layer without hard-coding the selection.
Attention with peak-based bias. A learnable query q;, €
R!*dr for each head h attends over keys k; € R!*dx
derived from X opncat- We augment the standard scaled dot-
product score with a learnable per-layer bias:

+ by 2

where [(j) denotes the source layer of token j in the
concatenated sequence. The term b;(;) € R is a learnable
scalar bias assigned to all tokens from layer I(j). The bias
for the peak layer [* is initialized to 2.0, while the others
are initialized to 0.0. This initialization encourages early
attention toward the morphometrically optimal layer while
remaining fully learnable during training.

The per-head attended output is computed as:

z;, = softmax(e) Vy, € RI* 3)

where V;, € R3VXdk contains the value projections of
Xconcat for head h. Each head produces a weighted
summary of the most morphometrically relevant tokens
across all three layers. The H head outputs are
concatenated and projected to R” via a linear layer.

The complete pipeline is summarized as:

§ = g(A-MAP([X;,; Xy,; X3,]))

3.5 Regression Head

The pooled representation z € R is passed to a
lightweight MLP that outputs the scalar prediction y. The
pooling module and regression head are trained jointly,
while the backbone remains frozen. Implementation details
are provided in Section 4.

4 Experiments

We evaluate whether morphometric information required
for biomass estimation is preserved in the standard Vision
Transformer pipeline. Our experiments address three
questions: (1) where geometric information is encoded
within the ViT hierarchy, (2) whether the commonly used
CLS representation retains these features, and (3) whether
spatial aggregation over patch tokens can recover them.
Using a frozen DINO ViT-S/16 backbone, we perform
a layer-wise regression analysis and compare multiple



feature aggregation strategies. The analysis reveals a clear
morphometric peak at intermediate layers where regression
accuracy is substantially higher than when using the final-
layer CLS token. Motivated by this observation, we
evaluate Adaptive Multi-head Attention Pooling (A-MAP),
which aggregates intermediate patch representations using
learnable attention.

4.1 Experimental Setup

Dataset. We evaluate on the Bivalves dataset, comprising
2406 RGB images of marine bivalves from three species:
Anadara antiquata, Gafrarium tumidum, and Gafrarium
pectinatum. Individual weights range from 0.2 g to 66.6 g.
We adopt a cross-species evaluation with model trained and
tested on the data regardless of the species identity.
Evaluation Metrics. We report four regression metrics:
coefficient of determination (R?), root mean squared error
(RMSE, in grams), mean absolute error (MAE, in grams),
and mean absolute percentage error (MAPE). All metrics
are reported with 95% bootstrap confidence intervals (N =
1000 resamples).

Implementation Details. We use a frozen DINO ViT-S/16
backbone with 12 transformer layers, producing 196 patch
tokens of dimension 384 per image. The regression head
consists of three fully connected layers (384 — 256 —
128 — 1) with dropout. We train with AdamW (Ir = 0.001,
wd = 0.01) and a ReduceLROnPlateau scheduler (factor =
0.8, patience = 10). The loss function is MSE. Batch size
is 16, maximum epochs 50, with early stopping (patience
= 15). All experiments use seed 42.

4.2 Locating Morphometric Information in
ViT Representations

Before proposing a new aggregation strategy, we
investigate where morphometric information is encoded
within the ViT hierarchy. We extract patch tokens from
each transformer layer and evaluate regression performance
using MAP pooling. Figure 2 shows the resulting R? curve
across layers.

The curve exhibits a clear inverted U-shape with three
regimes. Layer O corresponds to raw patch embeddings
and yields limited predictive performance (R? = 0.593).
Performance rises rapidly in early layers as contour and
structural features emerge.

Regression accuracy peaks in intermediate layers (3—
6), with the maximum at layer 5 and nearly identical
performance at layer 6. We refer to this region as the
morphometric peak, where geometric descriptors such as
shell curvature and growth patterns are best preserved.
Beyond this point performance gradually declines,
reflecting the increasing semantic abstraction induced by
the DINO objective [}]. The geometric detail required for
mass estimation therefore resides primarily in intermediate
representations.

Two conclusions follow. First, the standard CLS
pipeline relies on representations where morphometric
information has already been partially compressed.
Second, intermediate patch tokens retain geometric features

that can be exploited by spatial aggregation methods.
4.3 Main Results

Table | compares different aggregation strategies using the
same frozen DINO ViT-S/16 backbone. Results show that
performance depends on both the aggregation mechanism
and the representation depth.

The CLS baseline extracts a single global vector from the
final layer, discarding spatial structure. Adding attention
weighting (CLS-Att.)  or concatenating CLS tokens
from multiple layers (CLS Multiscale) yields moderate
improvements but remains limited.

Replacing fixed aggregation with learnable attention
produces a larger gain. MAP pooling introduces a learnable
query that attends over patch tokens, improving R? from
0.864 to 0.926 on the same layer 11 features.

A further improvement arises from selecting the
appropriate representation depth. Layer 5 MAP
outperforms layer 11 MAP by +2.1 points despite identical
pooling. Selecting the appropriate representation depth
therefore has a larger impact on morphometric regression
performance than the choice of pooling mechanism.
A-MAP combines both insights by applying multi-head
attention over patch tokens concatenated from layers
[4,5, 6], centered on the morphometric peak. This achieves
the best performance across all metrics, reducing RMSE by
39.6% compared to the CLS baseline.

4.4 Visual Analysis of Predictions

Figure 3 shows predicted versus ground-truth biomass for
the CLS baseline and A-MAP. A-MAP predictions cluster
closely around the identity line across the full weight range,
while the CLS baseline shows systematic underestimation
for heavier specimens. Preserving spatial morphometric
information from intermediate layers therefore reduces
bias, particularly for high-mass individuals where
geometric features are most discriminative.

This observation relates to the attention illusion introduced
in Section 1. Although DINO self-attention precisely
localizes the shell contour (Figure 1), CLS-based regression
performs substantially worse. Accurate spatial attention
does not guarantee that the aggregated representation
preserves morphometric information. The CLS token
compresses patch features into a single vector optimized for
the pretraining objective, causing geometric features useful
for regression to be partially lost.

Figure 4 visualizes the spatial attention patterns of
individual heads within the A-MAP pooling module. Each
head attends to different shell regions, confirming
that multi-head attention captures complementary
morphometric features.

4.5 Ablation Studies

Effect of Aggregation Strategy. Table 2 compares
aggregation strategies on identical layer 11 features. Mean
pooling performs worst, indicating that uniform averaging
discards important spatial information. Attention-weighted
pooling improves performance but remains limited by
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Figure 2: R? curve across all DINO ViT-S layers using MAP pooling. The morphometric peak occurs at layer 5 (R? = 0.947),
indicated by % . Early layers (0-2) encode low-level features; intermediate layers (3—6) encode geometric structure; late layers

(7-11) show semantic compression.

Table 1: Comparison of pooling methods on the Bivalves dataset (test split). Best results in bold. All metrics reported with

95% bootstrap confidence intervals (N = 1000).

Method Aggregation  Layers RMSE (g) MAE (g) MAPE (%)
CLS (baseline)  CLS 11 0.864 £0.014 3.33£0.10 2.51£0.07 15.0£0.7
CLS-Att. CLS-Att. 11 0.910£0.009 2.70£0.08 2.03+0.06 11.8+0.6
CLS Multiscale  CLS [5,6,7,8] 0.910+£0.009 2.714+0.12 2.05£0.08 12.0+£0.5
MAP MAP 11 0.926 £0.008 2.46+0.08 1.81+0.06 10.44+0.5
Multiscale MAP  MAP [5,6,7,8] 0.9434+0.006 2.15+0.07 1.63+0.06 10.0£0.5
Layer 5 MAP MAP 5 0.947£0.006 2.08+£0.08 1.57+0.06 9.7+0.5

A-MAP (ours) A-MAP [4,56] 0.950+£0.005 2.01+0.09 150+0.06 86+0.4

fixed weights. The CLS-Attention hybrid further gains
by incorporating spatial features alongside the CLS token.
MAP pooling yields the best result, confirming that
learnable task-specific attention provides the most effective
aggregation.

Table 2: Ablation: aggregation strategy (Layer 11).

Method R? RMSE (g)

Mean 0.826 £ 0.015 3.76 £0.17
Att-Weighted 0.879 £0.013 3.14 £0.17
CLS 0.864 +0.014 3.33+0.10
CLS-Att. 0.910 £ 0.009 2.70 £0.08
MAP 0.926 = 0.008 2.46 £+ 0.08

Effect of Representation Depth. Table 3 evaluates MAP
pooling at different depths. Performance peaks at layer 5,
with nearly identical performance at layer 6. Intermediate
layers outperform late layers by more than two R? points,
confirming that representation depth plays a critical role
in morphometric regression. This result aligns with the
layer-wise analysis in Figure 2, which shows that geometric
information is concentrated in intermediate transformer
representations [, V1.

Effect of Multi-layer Fusion. Table 4 compares multi-

Table 3: Ablation: representation depth (MAP, single
layer).

Layer R? RMSE (g)

11 0.926 +0.008  2.46 £ 0.08
8 0.9334+0.006  2.34 £0.08
6 0.946 +0.005  2.10 £0.08
5 0.947 +0.005 2.08 +0.08

layer strategies. CLS Multiscale on [5, 6, 7, 8] concatenates
CLS tokens from multiple layers but achieves only R? =
0.910, comparable to the single-layer CLS-Att. baseline.
Replacing CLS concatenation with MAP pooling on the
same layers produces a clear gain (+4%), confirming that
learnable attention is essential for exploiting multi-layer
features. A-MAP narrows the layer window to [4,5, 6],
centered on the morphometric peak, and achieves the best
result.

Table 4: Ablation: multi-layer fusion strategy.

Method Layers R? RMSE (g)

CLS Multiscale  [5,6,7,8] 0.910 £ 0.009 2.71£0.12
Multiscale MAP  [5,6,7,8]  0.943 + 0.006 2.15£0.07
A-MAP (ours) [4,5,6] 0.950 £0.005 2.01+0.09
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Figure 3: Predicted vs. actual weight scatter plots for the CLS baseline (Layer 11, top row) and A-MAP (bottom row).
Columns show all species, Anadara antiquata, and Gafrarium spp., respectively. A-MAP predictions align closely with the

identity line across the full weight range.
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Figure 4: Spatial attention maps from the 8 attention heads of the A-MAP pooling module for two Anadara antiquata (top)
and two Gafrarium tumidum (bottom) specimens. Each column corresponds to one learnable attention head attending over
patch tokens from layers [4,5,6]. The rightmost column shows the aggregated attention across all heads. Different heads
specialize in distinct morphometric structures.

4.6 Limitations

* We evaluate on a single morphological group (marine
bivalves); generalization to other species or object

categories remains untested.

* The dataset size
which may limit the stability of deeper regression
architectures.

5 Conclusion

e Our analysis uses a single backbone (DINO ViT-

S/16); the morphometric peak layer may shift across

architectures or pretraining objectives.

e All experiments use a frozen encoder; fine-tuning
redistribute morphometric

the backbone could
information across layers.

is moderate (2406 images),

In this work, we identified an attention illusion in DINO

ViT: self-attention maps precisely localize objects, yet the
CLS representation discards the geometric detail needed for

weight regression. A systematic layer-wise analysis reveals
that morphometric information peaks at intermediate depth
(layer 5), not at the final semantic layer.

A-MAP, a



learnable attention pooling over patch tokens from layers
[4,5,6] with peak-centric bias, achieves R? = 0.950.
Compared to the CLS baseline, this reduces RMSE by
39.6% (3.33g to 2.01 g) and MAPE by 42.7% (15.0% to
8.6%). Combining intermediate geometric features with
late semantic context via gated fusion and validating across
other physical property regression tasks remain promising
directions for future work.
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